The increasing frequency of fires inhibits the estimation of carbon reserves in boreal forest ecosystems because fires release significant amounts of carbon into the atmosphere through combustion. However, less is known regarding the effects of vegetation succession processes on ecosystem C-flux that follow fires. This paper describes intra-and inter-annual vegetation restoration trajectories via MODIS time-series and Landsat data. The temporal and spatial characteristics of the natural succession were analyzed from 2000 to 2016. Finally, we regressed post-fire MODIS EVI, LST and LSWI values onto GPP and NPP values to identify the main limiting factors during post-fire carbon exchange. The results show immediate variations after the fire event, with EVI and LSWI decreasing by 0.21 and 0.31, respectively, and the LST increasing to 6.89 • C. After this initial variation, subsequent fire-induced variations were significantly smaller; instead, seasonality began governing the change characteristics. The greatest differences in EVI, LST and LSWI were observed in August and September compared to those in other months (0.29, 6.9 and 0.35, respectively), including July, which was the second month after the fire. We estimated the mean EVI recovery periods under different fire intensities (approximately 10, 12 and 16 years): the LST recovery time is one year earlier than that of the EVI. GPP and NPP decreased after the fire by 22-45 g C·m −2 ·month −1 (30-80%) and 0.13-0.35 kg C·m −2 ·year −1 (20-60%), respectively. Excluding the winter period, when no photosynthesis occurred, the correlation between the EVI and GPP was the strongest, and the correlation coefficient varied with the burn intensity. When changes in EVI, LST and LSWI after the fire in the boreal forest were more significant, the severity of the fire determined the magnitude of the changes, and the seasonality aggravated these changes. On the other hand, the seasonality is another important factor that affects vegetation restoration and land-surface energy fluxes in boreal forests. The strong correlations between EVI and GPP/NPP reveal that the C-flux can be simply and directly estimated on a per-pixel basis from EVI data, which can be used to accurately estimate land-surface energy fluxes during vegetation restoration and reduce uncertainties in the estimation of forests' carbon reserves.
Introduction
Fires are an integral component of forest ecosystems and the global carbon cycle; through combustion, they release approximately 7% of the net carbon total from vegetation into the atmosphere [1] . High-latitude boreal forests will be more affected by climate warming, as the fire frequency and burn areas will dramatically increase with the extension of the growing season. The fire season will be extended by approximately 20-30% [2] [3] [4] . Historical fire data statistics in China show Remote Sens. 2018, 10, 1000 3 of 19 The effect of fires on surface energy fluxes requires regional-scale monitoring. Multi-temporal remote sensing techniques offer considerable potential to quantify the patterns of variations in space and time. Many current models for the estimation of carbon fluxes use some variant of the light-use efficiency (LUE) model by Monteith [21] . This approach can produce considerable errors, however, because of the coarse resolution of the data inputs [31] . The enhanced vegetation index (EVI) has been proven to be strongly correlated with the gross primary production (GPP) within several biomes [31, 32] . Results suggested that the EVI provides a simple approach to estimate the spatial patterns of GPP. Nevertheless, the relationship in post-fire vegetation succession processes has not been confirmed.
Consequently, this study primarily examined the vegetation succession process with different metrics to provide a detailed understanding of forests and their hydrothermal environment changes, which were then used to investigate the influence of such disturbances on energy flow. We examined severe fires that occurred almost simultaneously on Great Xing'an Mountain in June 2000, which burned more than eighteen thousand hectares of forest to different degrees. The goal of this study was to determine the vegetation succession processes with satellite-derived indices, including the VI, land-surface water index (LSWI) and LST, by incorporating seasonal changes and a quantified vegetation restoration process and explain the dynamic characteristics of vegetation and hydrothermal environments. We examined the direct relationships between the EVI, LSWI and LST and the GPP and NPP. We explored the main limiting factors on the energy flow of vegetation in post-fire situations. The data were all acquired from a post-fire boreal forest using the Moderate Resolution Imaging Spectroradiometer (MODIS) product.
Materials and Methods

Study Area
The Great Xing'an Mountain forest is a component of the Siberian boreal forest, which has been heavily disturbed by fires. This area comprises 29.9% of China's total forests, and its carbon reserves comprise more than one third of China's forest carbon [10] . Historically, the region's fires are characterized by sparse stand-replacing fires over relatively small areas alongside frequent low-intensity surface fires. These fires cycle at 100-to 300-year intervals [33, 34] . The biological diversity in this area means that many species can regenerate after a fire, and this area's unique geographical location both controls the seasonal cycle and limits the time during which vegetation restoration can occur. The primary forest-regeneration species are birches and larches.
The five forest fires that were analyzed in this study occurred in the study area at almost the same time in June 2000. These fires were located in Northeast China (52 • 15 -53 • 33 N, 121 • 51 -125 • 05 E) along the border of Heilongjiang and Inner Mongolia ( Figure 1 ) and burned more than eighteen thousand hectares of forest at different burn severities. The temporal and spatial extents and heterogeneity of the burn severities from this fire provide an ideal opportunity to study the effects of fire patterns on post-fire succession and their effect on the ecosystem's energy flow. The terrestrial monsoon climate in this region produces short, mild summers (July's average temperature is 16 • C) and long, severe winters (January's average temperature is −26.8 • C). The annual precipitation amount is 461 mm, which is unevenly distributed throughout the year and peaks during summer (i.e., more than 60% occurs from June to August; see Figure 2 ). The species composition in this region is relatively simple but the forest cover is above 80%. The dominant tree species are larches, which are the southern extension of the eastern Siberian light-coniferous forest, and birches, which comprise approximately 10%. Other species include spruces, pines and two species of aspen [10, 35] . 
Datasets
Landsat
Landsat time-series (1999-2016) images were downloaded from the US Geological Survey (USGS) website. We selected images with minimal cloud cover and acquisition dates within the growing season. The image ultimately met the criteria in Table 1 . The Landsat TM and ETM+ data, which had higher spatial resolution (30 m), could more accurately express the spatial distribution characteristics of post-fire vegetation recovery. Therefore, we used these images to extract the fire areas and hierarchical burn severities and then compared the results with the MODIS data to verify the vegetation regeneration. The EVI enhances the vegetation signal by adding blue bands to correct for the effects of soil background and aerosol scattering, a procedure that was developed to resolve some of the limitations of the NDVI. The resulting coefficient was used to correct the variability in soil and canopy background reflectance, as shown in Equation (1):
where EVI is the enhanced vegetation index and , and are reflectance values of the blue, red and NIR bands, respectively. 
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where EVI is the enhanced vegetation index and ρ BLUE , ρ RED and ρ N IR are reflectance values of the blue, red and NIR bands, respectively. We obtained MODIS satellite-data-tile subsets from 2000 to 2016 from the Oak Ridge National Laboratory Distributed Active Archive Center (DACC; http://www.modis.ornl.gov/modis/index. cfm), alongside the EVI from the standard VI product (MOD13A1, 8-day, 500 m), the LSWI from the surface reflectance product (MOD09A1, 8-day, 500 m) and the LST from the land-surface temperature product (MOD11A2, 8-day, 1 km). The soil moisture and water-vapor pressure deficits are two main factors that directly determine the water contents of vegetation leaves, and the canopy ultimately affects vegetation photosynthesis. The LSWIs were derived from the NIR and SWIR bands, which are sensitive to vegetation's water content and soil moisture [36] [37] [38] , as shown in Equation (2):
where LSWI is the land-surface water index and ρ N IR and ρ SW IR are the reflectance values of the NIR and SWIR bands, respectively. The NIR and SWIR bands were derived from the MODIS 8-day surface reflectance product (MOD09A1), which included seven spectral bands. Band 2 (841-875 nm) and Band 6 (1628-1652 nm) are the NIR and SWIR bands, respectively. MOD17 is used to monitor global vegetation productivity and provides 8-day composites of the GPP, annual GPP and NPP at a 1-km resolution. Previous studies confirmed that no consistent overestimation or underestimation exists in MOD17 compared to the productivity from field-observed and flux-tower measurements. A direct validation comparison work on GPP (MOD17A3) that used 38 years of site-observation data showed a high correlation and low bias (r = 0.859 ± 0.173; relative error = 24%) [39] . However, MOD17 GPP and NPP still exhibit inaccuracies because of land cover, the FPAR, the LAI and daily meteorological values; these inputs contain substantial inaccuracies [39] . The preprocessing steps for the MODIS data in this study included constructing subset layers, transforming projections, creating subsets of the study area and creating continuous time series. The monthly data composite used the maximum value composite (MVC) criterion via the 8-day MODIS product. The annual dataset was synthesized by using the mean value during the growing season. A recent study highlighted the importance of the temporal dimension; even the spatial heterogeneity is sacrificed to some degree in low-resolution imagery [40] . This characteristic explains our choice of MODIS imagery, which satisfies the spatial resolution requirement with high temporal resolution. The topographic information was mainly used to analyze the effect of the topography on vegetation restoration in this study. The topographic information was obtained from the Advanced Space-borne Thermal Emission and Reflection Radiometer (ASTER) global digital elevation model (GDEM) and downloaded from the National Aeronautics and Space Administration's (NASA) Reverb Data Portal (http://reverb.echo.nasa.gov/). The estimated product accuracies for vertical and horizontal data were 20 m and 30 m, respectively, at a 95% confidence level [41] . During an aspect analysis in ArcGIS, orientations between NW (315) and NE (45) were classified as north-facing slopes and those between SE (135) and SW (225) were classified as south-facing slopes [42, 43] . We mainly discuss the vegetation restoration effects on pixels within the burn scar areas on north-and south-facing slopes; pixels that did not fall within these ranges were excluded.
Methods
Mapping Fire Damage
The burn severity, which is defined as the degree of environmental change that is directly caused by fires, can be interpreted as the degree of degradation of the pre-fire vegetation community. The burn severity directly determines the rate of forest-regeneration [44] . Some studies show that the normalized burn ratio (NBR) is particularly useful for monitoring the burn severity. To ascertain the burn severity in conifer forests, the pre-NBR values are necessary as a control scenario. Here, the differenced normalized burn ratio (DNBR) was the spectral index that was applied to evaluate the burn severity [45, 46] . The DNBR was calculated using Equation (4) , and the NBR was calculated using Equation (3), where NIR and SWIR2 refer to the near infrared and shortwave infrared 2 bands 4 and 7, respectively, in the Landsat TM and ETM+ data:
where NBR pre−fire is the 1999 NBR value and NBR post-fire is the NBR value in the fire year. The calculated DNBR was assigned to one of four levels based on the DNBR thresholds: high severity (DNBR ≥ 0.6), moderate severity (0.3 ≤ DNBR < 0.6), low severity (0.1 ≤ DNBR < 0.3) and unburned (DNBR < 0.1).
Results
Fire Damage Assessment
The spatial and temporal patterns of post-fire vegetation succession are determined by the climate conditions, the surrounding vegetation condition and topography. The burn severity influences the spatial configurations of forest patches, which, in turn, influence the ecological processes of post-fire recovery and succession. Hence, we must assess the burn severity to accurately track vegetation regeneration. The DNBR is the difference between the pre-fire NBR values and immediate post-fire values; this difference enabled us to identify the burn severity. We classified the burn severity in the study areas into four classes by using the DNBR method. Figure 3 shows one burn area's DNBR spatial pattern as computed via Landsat images. The pre-fire spatial pattern of the land cover and the post-fire burn severity classification result in 2000 are illustrated in Figure 3a -c. The classification values, burned areas and percentages are illustrated in Table 2 .
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Temporal Analysis of the Post-Fire Vegetation Trajectory
The following sections summarize the results of the intra-annual and inter-annual post-fire changes in the EVI, LST and LSWI (Figures 4 and 5 ). The mean values of different burn severities in the five fire zones were used for analysis. In addition, we selected a non-fire area adjacent to the burned areas ( Figure 1 ) as a control area to eliminate influences from climate change on the forest dynamics. Both the control area and burned areas had similar topographies and climate characteristics and had never experienced any other type of disturbance (e.g., artificial or natural disturbances). The variations in the EVI, LST and LSWI are illustrated in a series of statistical graphs ( Figure 3) . Figure 3a -c shows the annual changes via the burned-and control-pixel values. The mean values of the EVI and LST in the control pixels were unimodal (Figure 3a ,b). The maximum LST was observed in June, and the EVI peaked in July. The LSWI value was the highest in winter, and the maximum value during the growing season occurred in July. Comparing the fire areas indicated immediate post-fire changes in the three indices: the EVI and LSWI decreased by 0.21 and 0.31, respectively, and the LST increased to 6.89 • C. The variations in the EVI and LSWI were more explicitly caused by the fire than those in the LST. Figure 3d -f displays the index variations under different fire intensities. The results clearly showed that the amplitude changes in the indices were controlled by the fire intensity, and the indices in the fire areas continued to reflect the original disturbance trends. The absolute values of the burned area and control area revealed that the greatest EVI difference occurred in August (a high difference of 0.29 in the severe-fire area). The largest LST and LSWI differences in the severe-fire area appeared in August and September, with differences of 6.9 and 0.44, respectively. EVI's differences between the control and focal pixels under different fire intensities (g); LST's annual dynamics in the control and fire pixels (b); LST under different fire intensities (e); LST's difference between the control and focal pixels (h); LSWI's annual dynamics in the control and focal pixels (c); LSWI under different fire intensities annually (f); and LSWI's differences between the control and focal pixels (i).
The temporal profiles of the EVI, LST and LSWI at different burn severity levels during the seventeen-year study period were extracted. An unburned region was selected as the control area for comparison to the burned sites ( Figure 5 ). Changes in the EVI, LST and LSWI were not evident between the fire-occurrence year and the subsequent year, showing no obvious vegetation recovery. The index profiles dramatically increased in the second year following the fire, suggesting that the burned areas were not immediately covered by green vegetation after the fire. The EVI measures the proportion of pure green vegetation, but we could not confirm that the green vegetation was the same as the pre-fire vegetation; in other words, the EVI that was recovered after the fire could have consisted of grasses or shrubs, followed by broadleaf plants, which were the dominant species in the post-fire succession. Generally, grass quickly grew and reached high EVI values after several months. Dwarf shrubs reached biomass saturation within a relatively short period (5-7 years). Therefore, the rapid initial EVI increase was mainly caused by the regeneration of dwarf shrubs and understory grasses that survived the fire. The differences in the EVI were very large between the different fire damage intensities. We estimated the mean EVI recovery period for different fire intensities (approximately 10, 12 and 16 years). The recovery time of the LST was one year earlier than that of the EVI under different fire intensities. Figure 5 shows that the three fire intensity areas had temperature differences during the fire-occurrence years of 6.9, 3.2 and 1.5 • C, while the recovery period for different fire intensities LST's differences between the control and focal pixels (h); LSWI's annual dynamics in the control and focal pixels (c); LSWI under different fire intensities annually (f); and LSWI's differences between the control and focal pixels (i).
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Time Series of the GPP and NPP
Similar annual distribution behaviors were apparent when comparing the GPP to the EVI and LST (Figure 6a ). The GPP in the control area peaked in July and then dramatically decreased. The GPP was close to zero from October to March of the following year in the study area. In the burned areas, the GPP experienced a downward trend. A maximum difference of 50% occurred in the fire month or subsequent month (i.e., relative month 0 or 1). The GPP was also very low in the reference area during the winter because of seasonal effects; therefore, the GPP was mainly influenced by fires that occurred during the growing season. The fire disturbances mainly influenced the GPP during the growing season (Figure 6a-c) . Therefore, only the statistical GPP and NPP values from May to October were used in this study; the vegetation NPP and GPP decreased as the fire intensity increased. The GPP recovery rate was faster in earlier (1-3) years but became relatively slow in the fourth year of the recovery, and the GPP and NPP did not recover to their original levels during the 17-year study period. However, the GPP and The fire disturbances mainly influenced the GPP during the growing season (Figure 6a-c) . Therefore, only the statistical GPP and NPP values from May to October were used in this study; the vegetation NPP and GPP decreased as the fire intensity increased. The GPP recovery rate was faster in earlier (1-3) years but became relatively slow in the fourth year of the recovery, and the GPP and NPP did not recover to their original levels during the 17-year study period. However, the GPP and NPP recovery times in the moderately and lightly burned areas were similar. The temporal profiles of the NPP linearly increased with a gradually decreasing slope but did not reach a steady state during the study period. Previous research showed that a steady state is not reached until at least 20 years after a fire, with a longer full-recovery period for the Alberta Boreal Plains eco-zone.
GPP was
close to zero from October to March of the following year in the study area. In the burned areas, the GPP experienced a downward trend. A maximum difference of 50% occurred in the fire month or subsequent month (i.e., relative month 0 or 1). The GPP was also very low in the reference area during the winter because of seasonal effects; therefore, the GPP was mainly influenced by fires that occurred during the growing season.
Relationships among MODIS Products with GPP and NPP Fluxes
Figure 7a-f shows a series of scatter plots, which illustrate the relationship between the MODIS products (EVI, LSWI and LST) and GPP/NPP flux data values from linear-regression analysis. In most of the models, the effects of water and temperature on plant photosynthesis were estimated as a relationship function. Thus, we explored the relationships between the LSWI-EVI and LST-EVI to determine an inter-relationship that could yield more information on vegetation succession (Figure 7g-i) . We calculated the average annual values based on the different burn severities to obtain the correlations for the multiyear data. The results in Figure 7 show that the correlations of the EVI and LSWI with the GPP/NPP were greater than those of the LST. The correlations were strongest in the high-severity fire areas; the correlation coefficients with the EVI were 0.86 and 0.81, respectively, and those with the LSWI were 0.88 and 0.83, respectively. As the burn severity weakened, the correlation coefficient also gradually fell. The LST and GPP had a negative correlation, but this correlation was not strong. At all burn severities, the EVI-LSWI correlations of the sites were positive and the EVI-LST correlations were negative, but the EVI-LSWI relationships appeared to be stronger than the EVI-LST relationships; as the fire intensity weakened, the correlation coefficient decreased from 0.9 to 0.81.
most of the models, the effects of water and temperature on plant photosynthesis were estimated as a relationship function. Thus, we explored the relationships between the LSWI-EVI and LST-EVI to determine an inter-relationship that could yield more information on vegetation succession (Figure 7g-i) . We calculated the average annual values based on the different burn severities to obtain the correlations for the multiyear data. The results in Figure 7 show that the correlations of the EVI and LSWI with the GPP/NPP were greater than those of the LST. The correlations were strongest in the high-severity fire areas; the correlation coefficients with the EVI were 0.86 and 0.81, respectively, and those with the LSWI were 0.88 and 0.83, respectively. As the burn severity weakened, the correlation coefficient also gradually fell. The LST and GPP had a negative correlation, but this correlation was not strong. At all burn severities, the EVI-LSWI correlations of the sites were positive and the EVI-LST correlations were negative, but the EVI-LSWI relationships appeared to be stronger than the EVI-LST relationships; as the fire intensity weakened, the correlation coefficient decreased from 0.9 to 0.81. 
Discussion
Temporal Analysis of the Post-Fire Vegetation Trajectory
In this study, the EVI was used to measure the vegetation growth and the LST and LSWI were used to monitor the post-fire hydrothermal conditions. Therefore, analysis of post-fire forest-regeneration trajectories with the EVI, LST and LSWI was expected to reveal different 
Discussion
Temporal Analysis of the Post-Fire Vegetation Trajectory
In this study, the EVI was used to measure the vegetation growth and the LST and LSWI were used to monitor the post-fire hydrothermal conditions. Therefore, analysis of post-fire forest-regeneration trajectories with the EVI, LST and LSWI was expected to reveal different characteristics of post-fire forest-successional processes and patterns. Figure 4 confirms the utility of the MODIS (EVI, LST and LSWI) data for monitoring fire-induced vegetation changes because the data yielded different results at different burn severities (see Figures 6-8) . The magnitude of the changes in the LSWI and LST was significant and closely related to the burn severity, as reflected in the EVI changes (see Figures 6-8) . The annual time-series values of the indices, however, were also subject to seasonal variations. The changes in the MODIS index were minor in winter because of weak vegetation activity, which produced imperceptible changes from fire disturbances. The average EVI value in the focal pixels with high burn severity was 0.21 less than that in the control pixels. The results were very similar, changing from 0.15 to 0.35 [9] . The mean of the focal pixels exceeded the mean of the control pixels by 1.1-6.9 • C, similar to the 2-8 • C immediate post-fire temperature increase during the daytime that has been reported by other studies [29, [47] [48] [49] [50] . In this study, the EVI continued to decrease and the LST continued to increase during the second month after the fire ( Figure 4) ; however, no clear recovery trend was evident during the next two years ( Figure 5 ). This result differed from previous research results, where the EVI and LST immediately fell after recovery. This difference might have been related to the location of the fire region, specifically, a boreal forest in a northern region, whose cold climate, strong seasonality and short growing season result in slower recovery times. The greatest differences in the EVI, LST and LSWI were observed in August and September, which were not the fire month or the next month. The results showed that the seasonality aggravated the effects of fire interference. Additionally, the changes in the LST depend on the burn severity and meteorological conditions, which limits the ability of the LST to characterize vegetation changes after fire disturbances [23] [24] [25] .
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Comparisons of the Seasonal Dynamics of Biophysical Profiles on Post-Fire Areas
Although the post-fire EVI, LST and LSWI changes were consistent with the results from previous studies [29, 47, 50, 51] , few prior studies incorporated seasonal changes and fewer still compared and analyzed index differentials and relationships. In this study, four remote sensing indices (after normalization) were used to perform a comparative analysis of the annual changes from fire disturbance and seasonality. The regional climate is known to determine seasonal cycles. An extended period of snow cover and a short growing season are obvious features of boreal forests; in particular, this study measured significant unique seasonal changes in the EVI, LST and LSWI. The maximum intra-annual temperature was the highest in July because of insolation effects ( Figure  2) . However, the maximum LST was observed in June, and the EVI peaked in July, which decreased July's LST. The effects of fires on vegetation activities and energy flow were difficult to observe during winter because the EVI and GPP values reached a minimum (close to zero) for the entire seasonal cycle, even in the control area. The LST and LSWI's yearly maximum and minimum values are mainly affected by winter-snow conditions, which do not meet the requirements for
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Comparisons of the Seasonal Dynamics of Biophysical Profiles on Post-Fire Areas
Although the post-fire EVI, LST and LSWI changes were consistent with the results from previous studies [29, 47, 50, 51] , few prior studies incorporated seasonal changes and fewer still compared and analyzed index differentials and relationships. In this study, four remote sensing indices (after normalization) were used to perform a comparative analysis of the annual changes from fire disturbance and seasonality. The regional climate is known to determine seasonal cycles. An extended period of snow cover and a short growing season are obvious features of boreal forests; in particular, this study measured significant unique seasonal changes in the EVI, LST and LSWI. The maximum intra-annual temperature was the highest in July because of insolation effects (Figure 2) . However, the maximum LST was observed in June, and the EVI peaked in July, which decreased July's LST. The effects of fires on vegetation activities and energy flow were difficult to observe during winter because the EVI and GPP values reached a minimum (close to zero) for the entire seasonal cycle, even in the control area. The LST and LSWI's yearly maximum and minimum values are mainly affected by winter-snow conditions, which do not meet the requirements for photosynthesis. The LST began to increase in March, but the GPP, EVI and LSWI did not increase until April. Temperature is the limiting factor for vegetation growth. Figure 8 shows the immediate post-fire changes in the EVI, LST and LSWI, but the EVI changes were clearly more persistent than those of the LSWI and LST. The integrated analysis of the LST and LSWI suggested that fire created a more arid environment, which reduced the effect of climate, as demonstrated with the higher LST and lower LSWI. In addition, the effect of fires in winter is small, but fires can still have an effect. We found that the post-fire EVI values were lower than those of the control area in winter, indicating that fires affected the evergreen forest. The GPP value was 0, suggesting that the MODIS could only roughly record the energy flow.
Post-Fire Energy Fluxes
As shown in Figure 6 , the temporal profiles of the NPP and GPP values in the control area illustrated that the NPP and GPP in mature boreal forest communities are 0.58 kg C·m −2 ·year −1 and 58 g C·m −2 ·month −1 , which are similar to the flux-tower determination results of 0.6 kg C·m −2 ·year −1 [52] . Post-fire succession significantly affected the canopy structure and LAI, reflecting an alteration of the energy balance and evapotranspiration and modifying the latent heat flux (LE). In this study, the GPP and NPP decreased by approximately 26-58 g C·m −2 ·month −1 and 0.23-0.45 kg C·m −2 ·year −1 , respectively, following a fire ( Figure 6 ). Based on fire-regeneration studies, most tree seedlings are established during the 3-10 year period following a fire, while shrub regeneration occurs in 6-7 years [53] . However, the EVI was the result of shrub and ground vegetation growth in the early post-fire years (Figure 10 ). The GPP and NPP recovered faster during the first three years, with a second turning point during Years 6-7, which matches the vegetation succession process. The conceptual model showed that the NPP and GPP remained low during the early post-fire succession stage; the recovery peaked in the early and mid-succession stages and then decreased or remained steady at the end of the succession, when the vegetation reached maturity or an older stage. The NPP and GPP reached a steady state in the control area, but the NPP and GPP values in the focal areas continued to rise, even at the end of the entire 17-year study period. These results confirmed prior reports that post-fire GPP and NPP reach relatively steady states only after 20 years or longer. In reality, achieving a steady state could require 20-60 years, and the required time increases with increasing latitude and correspondingly colder temperatures [53] , such as in the taiga boreal forest eco-zone. Without a longer dataset for these areas, we could not reliably predict when a steady state might be reached for the study area, but the NPP and GPP values were close to zero in the sixteenth year, suggesting that a steady state should be attained within a few more years. In addition, the NPP and GPP post-fire recovery trajectories were well illustrated by this method, which showed that the steady state period and degradation process could be inverted and were feasible beyond the limited local information from ground measurements.
Relationship of MODIS Products to the GPP and NPP
GPP can be directly estimated on a per-pixel basis from MODIS EVI data at a broad scale [31] . Nevertheless, the strong correlations between EVI and GPP/NPP in Figure 3 confirmed that the C-flux of post-fire vegetation succession could be estimated with fairly high accuracy by using the overall relationship. Pearson's correlation coefficient (r) under different burn severities suggested that the relationships were not static and were affected by the burn severity. Our data results suggest that the EVI provides a simple but robust approach for estimating post-fire GPP and NPP and thus has similar potential for light-use-efficiency and data-driven models. The relationships between the LSWI-GPP and LSWI-NPP were stronger because the strong correlation between the EVI and LSWI supported this relationship. In addition, previous studies confirmed that the potential of this method for estimating terrestrial GPP is similar to that when using the MOD17 GPP and NPP datasets [54, 55] . No measured data were available in the fire study area, so this study could not easily conclude that the EVI had the potential to estimate terrestrial GPP during vegetation recovery.
Other Factors that Affected Post-Fire Recovery
The higher spatial resolution of Landsat TM/ETM+ sensors enables the temporal and spatial characteristics of fire recovery processes to be more precisely delineated, and these factors can be used simultaneously to assess the accuracy of the MODIS data. The selected Landsat images were acquired during the growing season, when the vegetation restoration characteristics were most obvious. The MODIS 8-day images that were closest to the Landsat samples' acquisition dates were selected to ensure that the data had comparable temporal resolution. Figure 9 shows similar EVI trends in the post-fire vegetation regeneration via MODIS and Landsat. Positive bias appeared in the MODIS dataset compared to the Landsat EVI values. This result confirms that the MODIS dataset overestimated the EVI for post-fire vegetation regeneration in this region. This result likely occurred because the MODIS EVI primarily consisted of maximum acquisitions.
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Uncertainty Analysis
Boreal forests are subject to fire disturbances, and climate change will increase the frequency of fires. The EVI, LST and LSWI dramatically changed after the fire, and the seasonality aggravated changes in the magnitude. The short growing seasons at high latitudes limit annual tree growth and severe winters control the time of forest succession, so the seasonality primarily controls the land-surface energy fluxes during vegetation regeneration. In this paper, the results confirmed the correlation between the EVI and GPP/NPP from MODIS. The rough data resolution and simple estimation method added considerable uncertainty to the estimation results. Surface energy flow is a more complex process, especially during vegetation regeneration. Therefore, we must improve the data resolution and the accuracy of the model algorithm to estimate the influence of vegetation succession on the carbon flux. 
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Conclusions
This study conducted a pixel-based analysis of post-fire vegetation trajectories and changes in surface energy fluxes after a 2000 boreal forest wildfire over a 17-year post-fire period based on MODIS satellite imagery. The burned area underwent natural succession. The EVI, LST and LSWI dramatically changed after the fire, with the changes in the EVI being clearly more persistent. Therefore, the EVI was the most effective at detecting burns and distinguishing severity levels. Longer-term changes in the EVI, LST and LSWI greatly depended on the seasonality, confirming that the seasonality is another important factor that affects vegetation restoration and land-surface energy fluxes in boreal forests. The strong EVI-GPP and EVI-NPP correlations in this paper demonstrated these factors' potential for use as an alternative method to estimate the GPP (even in a post-fire recovery area), monitor land-surface energy fluxes during vegetation restoration and reduce uncertainties in the estimation of forests' carbon reserves. This study utilized Landsat images to provide detailed spatially continuous and quantitative estimations of the vegetation recovery and demonstrate the influence of topography, which is a key parameter that controls the physical processes in fire-altered areas. The topography affected vegetation restoration by changing the hydrothermal conditions, which further affected the carbon-distribution pattern of the recovering vegetation.
Research on post-fire vegetation restoration and carbon flow should involve large areas and a long time span. Therefore, performing real field validations is usually not feasible for such a study. Future research will approach the relationships between vegetation regeneration and the C-flux in boreal forest ecosystems by using multi-temporal remote sensing techniques. In addition, rough data resolution and simple estimation methods add considerable uncertainty to the estimation results, and the degree of fire interference on boreal forests in different seasons exhibits significant differences. Therefore, more detailed satellite analyses and field data are required in the future to improve the validation of results.
